Abstract-The variable nature of wind and solar generation could exploit the economic potential of bulk electric energy storage (EES) systems. This paper presents an optimal planning model, a dc optimal power flow (OPF) based multi-period optimization formulation, and its software implementation. The model co-optimizes the investment in all resources including EES while taking their optimal operation into consideration. Condensed hourly profiles of wind and solar output are applied to preserve their variable nature in terms of production. In this study, a 3-bus test system is constructed to demonstrate and test the sensitivity of the planning model. The relevant economic data are compiled for different types of generators and EES technologies. The potential impact of CO 2 emission price, renewable incentive, natural gas price, and energy storage cost to the future grid are demonstrated by employing the proposed optimal planning model.
NOMENCLATURE

A
INTRODUCTION
Wind and solar energy are clean, free of fuel cost and thus have increasing potential for electric power supply. However, besides the technical difficulties associated with integrating variable sources of generation with the electric grid, high capital cost and other indirect costs to power system operations, such as ancillary service requirements, delay more widespread investment in wind and solar power plants. Current energy policies, especially renewable incentives (e.g. the federal renewable electricity production tax credit (PTC) [1] ), and CO 2 emission regulations (e.g. the Waxman-Markey Bill or the later revised Kerry-Lieberman Bill [2] ), remain controversial and uncertain. It is also noteworthy that mass production of shale gas is likely to affect the economic benefits of investment in renewables in the near future.
The applications of energy storage in the current electric grid can be categorized into three groups by functionality: energy management, bridging power, and power quality [3] . The optimal planning model proposed in this paper partially aims at exploring the potential benefit of bulk EES technologies, e.g. pumped hydro (PH), compressed air energy storage (CAES), sodium sulfur (Na-S) battery, vanadium redox (VR) battery, and lithium-ion (Li-ion) battery, committed to the application of energy management. PH EES has proven to be valuable as bulk energy storage for energy arbitrage when coordinating with thermal generators. With cost and location advantages, CAES has been widely discussed in recent years. Under high penetrations of wind and solar capacity, bulk EES has great potential to become a preferred technology, providing energy arbitrage, high ramp rates, and non-emission reserves. Compared with fossil-fired generators, some characteristics of wind and solar generation, such as variable and nondispatchable output, low production cost, and market preference, are expected to add value to the operations of EES.
Determining the optimal size, location and operating schedule of bulk EES is a complex optimization problem that has been studied for more than a half century. Before the recent increase in renewable generation, a lot of efforts have been placed on developing hydro-thermal coordination algorithms that optimally schedule the operation of hydroelectric generators and PH EES [4] [5] [6] . However, these algorithms have limitations for planning studies of the future grid for at least two reasons: 1) the cubic or quadratic heat rate curves of thermal units, on which existing algorithms rely, do not apply to wind or solar generators; 2) they usually optimize the operation of a specific unit instead of optimizing both the operation (i.e. scheduling) and planning (i.e. sizing and location) of an EES.
Recently, many methodologies have been developed to explore the feasibility of coordinating EES with renewables. The modeling and optimization algorithm of EES varies depending on the specific research scope, e.g., operation or planning. Although a planning study is often imagined as extension of an operation study with compromise of some operational constraints and details, the planning study needs to determine the sizes, both power and energy capacity, and locations of energy storage and analyze their long-term investment, while the operation study normally uses predefined sizes and locations for energy storage and analyzes their short-term impacts. In long-term planning studies, a stochastic model of renewables and load is often adopted, and some transmission effects are ignored [7] [8] . These studies often focus on the modeling of long-term pricing and the investment rate of generators and EES units, and only utilize economic dispatch or dc OPF and a linear model of the aggregated power system. Operational studies of EES often employ a deterministic model with a detailed ac transmission system and power system reliability constraints [9] [10]. Studies using a deterministic reliability operations model without consideration of the effects of the transmission system are a compromise between operations and planning studies [11] [12] . However, it is notable from [12] that securityconstrained unit commitment is considered in the optimization model, which is solved using mixed-integer programming.
In order to study the interaction of renewables and energy storage in the future grid, we propose a more detailed model based on the generation expansion planning algorithm in [13] and the optimal planning model of EES in [7] . In the numerical simulation of a 3-bus test system, four typical weeks are modeled with the data from [14] to represent an annual time horizon in this multi-period optimization formulation aiming to preserve the operating conditions of wind, solar and EES to a great extent. This entire optimization model is directly implemented in MATPOWER software's extensible OPF structure [15] and solved by employing the GUROBI solver [16] .
II. OPTIMIZATION MODEL
A. Objective Function
The basis for the planning model, which includes renewables and EES, is the objective function (1) which minimizes the total cost across the simulated time horizon (t). The total cost in this model includes variable cost (i.e., , including fuel and O&M costs) of existing generators (g), fixed cost ( ) savings from retired capacity ( ) of generators to be retired (i); and variable cost ( ), fixed cost ( ), and investment cost (i.e., capital cost recovery, ) of new generators (j), including EES. This objective function cooptimizes hourly operation (i.e., the first term), retirement of generation capacity (i.e., the second term), and operation of optimally-invested capacity (i.e., the third term) across the entire planning horizon (t). It drives down the total cost by retiring underused capacity with higher fixed cost and investing in new generators with lower capital and fixed costs. 
B. Variables
Equations (2) - (4) represent the variables for a standard dc OPF problem. In this study, voltage magnitude and generator reactive power output are dropped to reduce the size of the optimization problem. The upper and lower bounds of each extra variable added in this planning model, , , , and , are specified in (5) - (8) .
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C. DC Network Constraints
Equation (9) is the electric system power balance equation. The power output of each generator at each time is denoted by , which includes the charge or discharge status of EES.
D. Optimal Planning Constraints of Generation
Equations (10) and (11) are power output constraints of retired and new generators, respectively. In this situation, the retired capacity could be any optimal value between max [ , ] and min [ , ] . In reality, generators are usually retired as entire units, which should be treated as a mixed-integer optimization problem. However, when dealing with a heavily reduced power system model with most of the generators aggregated by fuel type and location, it will be much easier to use linear programming for the planning problem without losing much accuracy. For the investment constraint in (11) , is a vector that reflects the resource availability for each generator j at time t. This vector represents the hourly variable output of wind and solar. For those generators that are not resource-dependent, is normally set as 1 for all t. Constraint (12) indicates that the sum of new generators j of fuel type s should not exceed the maximum investment allowed for that fuel type. Constraint (13) enforces the fact that new capacity should cover the demand increase and the amount of retired capacity. The capacity factor is considered for each generator according to fuel type.
E. Optimal Planning Constraints of Energy Storage
EES can be imagined as a virtual transmission line connecting different time periods at one location rather than a real transmission line connecting two different locations. With EES, a virtual transmission line, surplus (usually cheaper) energy at one period can be transported to another time when energy is more valuable. It is therefore very important to use multi-period optimization to model the energy management operation of bulk EES.
Equations (14) - (20) are the operating constraints of EES. Constraints (14) and (15) indicate that the power input (i.e., charge) and the output (i.e., discharge) at any time should not exceed the installed power capacity of the EES. Equation (16) ensures that charging power does not exceed the amount of empty capacity left from the previous time period. Similarly, (17) denotes that discharging power should not exceed the amount of energy remaining from the previous time period. Equation (18) calculates the remaining energy in the EES for each time period. Equation (19) is the physical limit of the remaining energy for each time period. In order to maintain a fair economic analysis of energy storage, it is necessary to implement the binding equation (20) , whereby the amount of energy left after one operation cycle should be equal to that at the initial status. Among these equality and inequality constraints, (16) , (17), (18) , and (20) are cross-period constraints that reflect the operational characteristics.
III. DATA PREPARATION
A. Variable Cost
The variable cost, also known as production cost, is defined as the cost associated with the energy output of each generator, in $/MWh. Depending on the design of the experiment, the variable cost could incorporate fuel cost, variable O&M cost, emissions cost, and any subsidy for wind and solar generation.
Natural gas prices have varied significantly in recent years ( Fig. 1) [17] . Future prices are uncertain even with the current low price of shale gas. Therefore, it is necessary to simulate a set of diverse prices to examine their impacts on planning results. In this planning study, the levelized cost of fuel and O&M are utilized as an average variable cost for each generation technology. Listed in Table I are the variable costs [18] used in the simulation, except for the fuel costs of natural gas. To simulate a policy-regulated CO 2 emissions reduction, e.g., the Kerry-Lieberman Bill, a variable emissions cost (in $/MWh) is added to each coal or natural gas generator model. According to the emissions-incorporated OPF algorithm developed in [19] , it is more accurate to incorporate the CO 2 emissions rate in ton/MBTU to the heat rate function, which is usually nonlinear and unique, of each generator. To reduce problem size in the planning study, an average CO 2 emissions rate expressed in ton/MWh is designated for each type of generator, listed in Table II , which is calculated as the product of average CO 2 emission factors, in ton/MBTU, of coal and natural gas [19] and average heat rates, in MBTU/MWh, of each type of generator [20] . 
B. Fixed Cost
The fixed cost of each generator may include startup cost, fixed O&M cost, taxes, and insurance. The startup cost is often considered in the unit commitment process, which is not included in this planning work. Land rental cost, taxes, and insurance are usually broken down and expressed in $/MW, which is related to the power capacity of each generator. The annual fixed O&M costs [21] are listed in Table III C. Capital Cost Except for the fixed O&M cost, capital cost is another major part of the investment cost for new generators. The overnight capital cost (OCC) is considered a total cost for the overall construction of a power plant. In this study, it is broken down into an annual cost, denoted as annual capital recovery (ACR). The ACR of each power plant is the product of the OCC and the capital recovery factor (CRF), equation (21):
where n is the number of years the plant is financed and i is the interest rate. In this study, the interest rates for coal and nuclear plants are assumed to be higher due to the longer loan duration and higher financial risk, as shown in Table IV . The OCC data for 2022 are obtained from [21] . 
D. Energy Storage Data
The input data for each EES applied in this planning model involves location, minimal and maximum investment allowance (for both power and energy capacity), initial rate, charging and discharging efficiency, ACR of power, ACR of energy, and O&M cost. According to the cost analysis in different study reports [21] [22][23] [24] , capital costs as well as cycle efficiencies always present a wide range of variation. In order to explore the average planning results for each EES technology, the capital cost and efficiency are divided into two levels-the best and the worst. Summarized from two reports [23] and [24] , the best situation consists of the lowest capital cost and the highest efficiency, and vice versa. Similar to the ACR calculation of generation technologies, under assumptions of 250 cycles per year operation and the 3% interest rate shown in Table V 
IV. CASE STUDIES
The simple 3-bus system shown in Fig. 2 is used to demonstrate the proposed optimal planning model and to test the sensitivity of future energy investment planning to different energy policies and natural gas prices. The solid lines represent existing transmission lines and generators, and the dashed lines represent new types of generators-solar (S), wind (W) and storage (EES), potentially to be built in the future. Future investments in existing types of generators are assumed to be only at the bus where that type of generator is already located. The reactance of each transmission line is assumed to be j0.1 p.u. and each line's capacity is 300 MW. Transmission line losses and reactive power in the system will not be considered in the dc OPF model. The peak demand of the system is 600 MW, with one-third located at bus 2 and two-thirds at bus 3. Four typical weeks are used to represent the four seasons in a year, with hourly profiles of load and variable renewables (i.e., wind and solar). The load and generation profiles are normalized (Fig. 3) according to the profile provided by [14] for the WECC model. Note that although only one wind profile and one solar profile are used for the prospective wind generator and solar generator at bus 3, this model has the capability to allow multiple profiles to be applied to more than one wind or solar generator at multiple locations. In the test system the total existing generation capacity is 800 MW. The input parameters of the existing generators and the investment targets are listed in Table VII . The analyzed economic data, including the levelized cost for 2015 (Table I) , the fixed cost for 2015 (Table III) and the capital recovery for 2022 (Table IV) , are used for coal, natural gas, nuclear, wind, and solar generators in this study. New natural gas generators will be advanced combined cycle technology with lower capital and fixed costs and higher energy conversion efficiency. According to EIA data [20] , an average heat rate of 8 MBtu/MWh is used for new CC generators while 10 MBtu/MWh use used for existing CT in this model. PV is selected for new solar generators because it has lower cost compared to solar thermal technology. The simulation on the simple 3-bus test system is set up primarily to verify the economic sensitivity of the optimization model with integrated generation planning functions including energy storage. Four study cases with corresponding inputs are designed, as shown in Table VIII . In Case 1, six CO 2 emission prices are added to the variable cost to simulate the CO 2 emissions regulation under potential policies similar to the Kerry-Lieberman Bill. Case 2 incorporates six renewable incentives to simulate renewablefavorable policies such as the PTC. Case 3 examines the impact to the optimal planning results by a variety of possible natural gas prices covering the EIA recorded lowest and highest annual average from 1997 to 2011. In Case 4, the economic feasibility of the five EES technologies (ten scenarios) listed in Table VI is 
A. Case 1: Impact of CO 2 Price
As shown in Fig. 4 , neither investment nor retirement is necessary without any CO 2 emission cost. When a moderate CO 2 emission cost of $20/ton or $40/ton is added, the most economical plan is replacing or upgrading old gas CTs to new CC natural gas generators. The installed capacity of coal starts to be replaced by wind at a CO 2 emission cost of $60/ton. Beyond the $80/ton CO 2 cost, coal generators are completely retired, while PV and more wind are built. The amount of technology upgrade of natural gas generators is almost the same as when the CO 2 cost is $60/ton. Under a CO 2 cost of $100/ton, most CTs are retired with only a small increase in CC. Investment in wind generation is decreased because nuclear generation becomes economically feasible at this CO 2 price. Although nuclear generation has a much higher capital cost than wind and solar generation, its capacity factor is much higher, leading to a lower total cost if the production cost of wind and solar is not compensated by any policy. Investment in CAES occurs in this case only when the CO 2 price reaches $100/ton. With a high installed capacity of nuclear (37%), CAES shifts more nuclear generation (with a production cost of $21.92/MWh) from off-peak to peak hours in order to offset the emission-penalized energy from natural gas generators. CO 2 emissions and average production cost vs. CO 2 price for Case 1 are plotted in Fig. 5 . CO 2 emissions from coal start to decrease with a CO 2 emission cost between $40 and $60/ton. Within a price range of $40 to $80/ton, some energy generation shifts from coal to natural gas before the decline of natural gas consumption. There are a few generation outputs from natural gas generators with a CO 2 cost as high as $100/ton. Since the production cost here incorporates fuel cost, O&M cost, emission cost, and subsidy, adding the emission cost raises the production cost until the resource shifts. The highest average production cost is nearly $80/MWh, where only one-third of the coal is retired, and the total capacity of CC and CT are more than the initial state. After that, the average production cost declines with renewable or nuclear investment. 
B. Case 2: Impact of Renewable Subsidy
According to the planning results in Fig. 6 , without emission penalties, coal and natural gas capacity are not phased out unless a high incentive is placed on renewable energy. In this small test system, wind and solar generation start to replace natural gas CT generation under a renewable subsidy between $20 and $30/MWh. Natural gas CT generation is replaced prior to coal and nuclear generation because of its higher production cost (primarily fuel cost). The overall generation capacity increases significantly with the investment in wind and solar because of their lower capacity factors (i.e., 36% and 40%, respectively, in this study). From Fig. 7 , building wind and solar generation helps to reduce CO 2 emissions from natural gas CT, but not from coal generation, as long as the fuel price of natural gas is higher than that of coal. However, in this case, the average production cost is monotonically declining with the increase of renewable subsidies. It is noteworthy that at a high incentive of $50/MWh, the average production cost drops below zero with 50% installed capacity of wind and solar energy. 
C. Case 3: Impact of Natural Gas Price
From the two previous cases, neither imposing a CO 2 cost of $40/ton nor providing a renewable subsidy is likely to affect the planning results of coal. This study case, shown in Fig. 8 , indicates that at a very low natural gas price of $2/MBTU, coal is completely replaced by the capacity of CC natural gas, and no wind or solar generation is built even with a renewable subsidy in place. With higher natural gas prices, the existing capacity of the CT is gradually replaced by wind and solar energy. Natural gas generation will be phased out when the gas price rises above $12/MBTU. Similar to the previous cases, the investment in energy storage increases along with that of renewables. The increment of renewables and storage slows down when the natural gas price goes beyond $8/MBTU. Instead, the increment of energy capacity of the CAES rises, which is indicated as a better solution than adding more wind and solar generation. From Fig. 9 , it is clear that the annual CO 2 emissions remain at a relatively constant level in this simulation case. The overall emissions at six simulation points are lower than that of Case 2 because of the $40/ton emission cost. CO 2 emissions from coal and natural gas reverse when the gas price increases from $2 to $4/MBtu. From the coal emission curve, it is clear that coal generation decreases as the gas price increases from $4 to $12/MBtu. Even though coal generation decreases, the installed capacity of coal remains constant to ensure enough capacity to back up wind and solar generation.
The average production cost decreases monotonically with the increase in gas price. With both a $40/ton emission cost and a $22/MWh renewable incentive in place, the planning model is highly sensitive to the price of natural gas. At a lower price below $4/MBtu, the natural gas CC is more preferable than coal and renewables in this study scenario. When the gas price increases above $4/MBtu, adding renewables is the best solution. Figure 9 . Annual CO2 emissions and average production cost in Case 3.
D. Case 4: Evaluation of Bulk EES Technologies
With varying CO 2 price, PTC, and natural gas price, multiple technologies of bulk energy storage are simulated to compare their potential investment in this application. The planning results for each EES technology are listed in Table  IX . In this energy management scenario, energy storage with lower capital cost on energy capacity, such as pumped-hydro and CAES, is preferable. Although the PH-Best category has a higher capital cost on power capacity than the other three battery technologies, its remarkably low capital on energy capacity makes it highly desirable with high-level wind and nuclear generation. Other than PH and CAES, only the vanadium redox battery is economical in this study case, with 5 MW / 25 MWh installed, capable of providing five hours of continuous discharge. 
VI. CONCLUSION
When the optimal planning model developed in this research is applied to the simple 3-bus model, investment in EES is economically feasible only under high penetrations of wind or nuclear generation. With subsidies, the production cost of wind, sometimes even negative, can be much lower than that of the traditional resources. Therefore, EES is used to allow more wind capacity at a lower cost, which is an optimal solution. It is reasonable to conclude that bulk EES could reduce overall system operating cost by smoothing out the variation of wind output or by delivering surplus nuclear energy from off-peak hours to peak hours.
A CO 2 cap and trade policy or carbon emissions tax is the most effective way to achieve an immediate reduction of CO 2 emissions. Combined with renewable incentive policies, e.g., collecting extra taxes from CO 2 emitting units and distributing them to renewables as subsidies, however, could expedite a shift from fossil fuels to renewables instead of nuclear generation. With a subsidy of less than $20/MWh and no emissions cap on CO 2 , wind and solar are not economically competitive with coal, natural gas, hydro, or nuclear generation.
Although the cost data and the network topology affect the numerical results, this optimal planning model demonstrates moderate sensitivity to the regulatory energy policies and the price of natural gas. The results of this 3-bus test system are reasonable for reflecting the prospective trend of each resource including bulk energy storage under realistic energy policies. This modeling methodology can be applied to a larger network model for planning studies.
